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Prospects for using the gut microbiome for personalized medicine are substantial since the gut microbiome
is known tomodulate metabolism and varies substantially among individuals. Zeevi et al. (2015) demonstrate
that the gut microbiota can be used to predict individualized blood glucose responses to particular foods,
which differ between individuals.Studies of dietary effects have been
plagued by individual variability. Huge
amounts of time andmoney have been in-
vested in looking for the sources of these
effects on health or on the human
genome. However, we’re all nearly iden-
tical in terms of our human genomes—
up to 99.9% the same, whereas our mi-
crobiomes have over a hundred-fold
greater gene count and might only be
10% similar from one person to the next.
Consequently, we may have been looking
in the wrong place for variation in diet
response, as the true source of variation
may be in our microbial genes rather
than our human genes. Existing studies
of diet on the gut microbiome in humans
have generally seen modest effects over
the short term (Wu et al., 2011), except
for truly extreme shifts in diets such as
all meat and cheese (David et al., 2014).
However, at the population level, differ-
ences in long-term diet have a major
impact (Wu et al., 2011). In fact, in both
the American Gut Project (a crowd-
funded volunteer survey of over 7,000
adults) and in the TwinsUK project (of
over 2,000 UK adult twin volunteers),
diet, and particularly the diversity in the
number of kinds of plants, was shown to
have a massive impact, comparable to
drugs and disease. However, the major
challenge with traditional long-term diet
interventions is that they take a long time
for subjects to see a difference, and
many people abandon them while being
discouraged during the lag phase. The
ability to test reliably for changes in our
gut microbes could change this.
Zeevi et al. (2015) take a dramatic step
forward in addressing this challenge at960 Cell Metabolism 22, December 1, 2015 ªthe individual rather than the population
level and can help to explain our individual
differences. They show that by measuring
microbiome responses in 800 people us-
ing 16S rRNA and shotgun metagenomic
profiling to assess taxonomy and func-
tion, respectively, and collecting fine-
grained data on blood glucose levels,
they can reveal how the gut microbiome
in individuals can make a food healthy
for one person and unhealthy for another.
Intriguingly, their machine learning
models only work well when microbial
biomarkers are included, reinforcing the
message that we need to include our gut
microbes in predictive models of our
health (Figure 1).
Geneticists have long recognized the
importance of host genes in our response
to food. Classical twin studies showed
that weight gain in response to over-
feeding or calorie restriction was highly
variable between people but strongly
determined by genes (Bouchard et al.,
1990). Similarly, our choice and prefer-
ence for which foods we ingest (e.g.,
how much we like burgers, garlic, or
salads) is also strongly genetically deter-
mined (Pallister et al., 2015). What is not
yet clear is how these large individual var-
iations could be explained by our mi-
crobes—unless our genes determine
which microbes we have. Individual mi-
crobial species might even secrete me-
tabolites that increase our preference for
certain foods, which, in turn, keep their
gene pool alive.
Zeevi et al. also found some fascinating
diet-microbe interactions that can be ex-
plained in terms of known interactions
and that point the way toward a more2015 Elsevier Inc.comprehensive view of microbes and
health. For example, authors mentioned
that the average post-prandial glucose
response (PPGR) to rice and potatoes
was relatively high, whereas that for dark
chocolate was relatively low, in agree-
ment with published data. In food crops
such as rice and potatoes, non-nutrient
bioactive components such as polyphe-
nols co-occur along with macronutrients
(carbohydrates, protein, fats) and micro-
nutrients (vitamins and minerals). Histori-
cally, farm-to-fork operations have been
focused on maximizing yield, storability,
and processing. Although these variables
are important, content and composition
of polyphenols in the food are rarely
considered even in today’s nutritional
studies. Emerging evidence suggests
that dietary polyphenols alter carbohy-
drate metabolism in humans in several
ways: they attenuate postprandial glyce-
mic responses and glucose uptake fasting
hyperglycemia, and improve acute insulin
secretion and insulin sensitivity (Hanhi-
neva et al., 2010). A recent clinical trial
showing clear long-term health benefits
of the Mediterranean diet over low-fat di-
ets (Estruch et al., 2013) may result from
higher levels and variety of natural poly-
phenols in Mediterranean foods.
Recent studies indicate that dietary
polyphenols contribute to maintenance
of gut health by increasing species diver-
sity and stimulating growth of beneficial
bacteria (i.e., faecalibacterium, lactoba-
cilli, and bifidobacteria), which are low
in type 2 diabetic patients, while
inhibiting pathogenic bacteria such as
C. perfringens and C. histolyticum. Thus,
there is tremendous potential to make a
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Figure 1. Modulation of Gut Bacterial Diversity with Food Approach to Prevent Type 2
Diabetes
Food patterns that provide both complex carbohydrates and greater levels of phytonutrients such as
polyphenols can increase gut bacterial diversity and reduce postprandial glucose response. Such com-
munities may protect against type 2 diabetes. The personalized nutrition approach pioneered by Zeevi
et al. may help us understandwhich of these types of features will apply to everyone andwhich will need to
be applied to specific individuals.
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Previewsdifference in population-level health by
selecting staple crops that are naturally
high in polyphenolic content and estab-
lishing farm-to-fork operations that retain
these key compounds and their health-
benefiting properties (Vanamala, 2015).
Indeed, purple-fleshed potato cultivars
contain approximately 2–3 times greater
levels of polyphenols compared to their
white potato counterparts. Recently, a
human clinical study showed that the
low glycemic index of colored potatoes
could be related to their polyphenol con-
tent (Ramdath et al., 2014). Thus, it is crit-
ical to consider not only the fiber and mi-
cronutrient content of foods but also the
phytonutrient content to improve our die-
tary recommendations.
Last year, using twins and 16S rRNA
gene sequencing to read out the micro-
biota, we showed that human gene varia-
tion is associated with differences inabundance of gut microbes (Goodrich
et al., 2014). The increased correlations
in identical twins and the resulting herita-
bilities were modest, but will likely be
shown to be greater when more compre-
hensive metagenomic sequencing is
used. Nearly 100 gene variants have
been associated with body weight, but
although this trait is 70% heritable, human
gene variants explain < 5% of the vari-
ability. Some of this missing heritability
could be due to interactions with our mi-
crobes. Studies of humans in the future
must therefore account for both host
and microbe genetics. Using identical
twins discordant for diets or microbial
species may be an ideal way of mirroring
mouse diet experiments in the most
important model—humans.
Although the study by Zeevi et al. (2015)
focuses on diet, the microbial and meta-
bolic variability in response to drugs isCell Metabolism 22,also very high. A range of drugs from acet-
aminophen to cyclophosphamide have
now been shown to have differential
toxicity or efficacy depending on the
host microbiome. With improved wear-
able sensors for a range of physiological
conditions and perhaps blood, fecal, or
urine metabolites, especially coupled to
microbial readouts performed in real
time, we can imagine a future where
routinely measuring and controlling our
microbiomes allows us to redefine our re-
lationships to our diets and health.REFERENCES
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